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Giris-Temel kavramlar
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DNA (kaltsal malzeme): Canli organizmalarda biyolojik bilgiyi depolayan
molekdil

Gen: Organizmada spesifik bir islevi gerceklestirmek icin gerekli bilgiyi
iceren DNA bolgesi

Genom: Bir organizmanin tiim genlerini iceren paket

Protein: Gen ifadesi denilen islem ile gendeki bilgiyi kullanarak tretilen
(amino asitlerden olusan) molekiil

Proteinler bir organizmanin yasamindaki tiim gorevleri gerceklestirirler
Genler ifadeleninceye kadar ise yaramazdir

Gen/protein dizisi: Yapi taslarinin (genler icin nikleotidler ve proteinler igin
amino asitler) ardisik siralamasindan olusmus diziler

Gen (niikleik asit) dizisi : “ATCGGTCAGAGTAAC”
Protein (amino asit) dizisi: “MDFFVRLARE TGDRKREFLE LGRKAGRFPA”




Biyolojik Organizasyon

Genome https://en.wikipedia.org/wiki/Omics
Chromosomes

Molecular

Protein

Hicre icerisinde
molekiller arasindaki

(' 00Tl degisim ve etkilegim
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Genlerimizin alfabesinde dort harf mevcut:

A C,GandT.

Bu harfler nasil yasayacagimizi, nasil blylyecegimizi, nasil

Olecegimizi belirler.
Biyolojik stiregleri anlamak icin atomik diizeyde calismamiz

gerekir



TAGTTCCGTCGCAGCCGGGATTTGGGTCGCGGTTCTTGT TTGTGGATCGCTGTGATCGTCACT TGACRAATGCAGATCTTCGTGAAGACTCTGACT GGTAAGACCATCACCCTC
GAGGTTGAGCCCAGTGACACCATCGAGAATGTCAAGGCAAAGATCCAAGATAAGGAAGGCATCCCTCCTGACCAGCAGAGGCTGATCTTTGCTGGARAACAGC TGGARAGATGG
GCGCACCCTGTCTGACTACAACATCCAGARAGAGTCCACCCTGCACCTGGTGCTCCGTCTCAGAGGTGGGATGCAAT CTTCGTGAAGACACTCACTGGCRAAGACCATCACCCT
TGAGGTGGAGCCCAGTGACACCATCGAGAACGTCARAGCARAGAT CCAGGACAAGGAAGGCATTCCTCCTGACCAGCAGAGGTTGATCTT TGCCGGAAAGCAGCTGGAAGATG
GGCGCACCCTGTCTGACTACAACATCCAGAAAGAGTCTACCCTGCACCTGGTGCTCCGTCTCAGAGGTGGGATGCAGAT CTTCGTGAAGACCCTGACTGGTAAGACCATCACC
CTCGAGGTGGAGCCCAGTGACACCATCGAGAATGTCAAGGCAAAGAT CCAAGATAAGGAAGGCATTCCTCCTGATCAGCAGAGGT TGATCTTTGCCGGARAACAGCTGGRAAGA
TGGTCGTACCCTGTCTGACTACAACATCCAGARAGAGTCCACCTTGCACCTGGTACTCCGTCTCAGAGGTGGGATGCAAATCTTCGTGRAAGACACTCACTGGCAAGACCATCA
CCCTTGAGGTCGAGCCCAGTGACACTATCGAGAACGTCAAAGCAAAGATCCAAGACAAGGAAGGCATTCCTCCTGACCAGCAGAGGT TGATCT TTGCCGGARAGCAGCTGGAA
GATGGGCGCACCCTGICTGACTACAACATCCAGAAAGAGTICTACCCTGCACCTGGT GCTCCGTCT CAGAGGT GGGATGCAGATCTTCGTGAAGAC

4 harfli alfabe proteinin 20 harfli alfabesine g¢evrilir

MQIFVKTLTGKTITLEVEPSDTIENVKAK IQDKEGIPPDQORLIFAGKQLEDGRTLS DYNI OKES TLHLVLRLRGG
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Biyolojik veri birikiminde kilometre taslari ve
Insan Genom Projesi
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= Senome Dizilenmesi yapilmis
verinin birikme hizi

Moore's Law

NI H National Human Genome
Research Institute

pEnome.gou. ingcosts

20012002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015 Growth of DNA Sequencing

W Recorded growth
W Double every 7 months (Historical growth rate)
@ Double every 12 months (lllumina Estimate)
W Double every 18 monthe (Moore's Law)

1e+09

Cumulative Number of Human Genomes

12Zbp

1Pbp

Stephens Z.D., et al. (2015) Big el
Data: Astronomical or Genomical? i
. ' Levy etal
PLoS Biol 13(7): e1002195 et ot al e
s o Ley et al,
g
20’00 20'05 2010 ?0‘15 ?0'20 20‘25

Year

1 Ebp

1Top

Worldwide Annual Sequencing Capacity



Data deposition Integration Translation
Human beings Human populations

ity

New medicines

“© & - 6

Disease prevention

GLUCCAE. mad al ol X seconis.

Nogw! Laope
¥« 5T g
&
S
’g»\% $
@ Tissues & organs Early diagnosis

o ) H
. S hd
\&0\0 Cells
3 oe® :
Pathway> v
Biobanks

< .
, ODTU
(D/ METU http://www.ebi.ac.uk/sites /ebi.ac.uk/files/groups/external _rel ations/Documents/EMBL_EBI_Overview_LowRez.pdf



Resimde olmayanlar
O. Sinan Sarac

Ayse GUl Yaman
Alperen Dalkiran

EBI
Maria Martin
Rabie Saidi

Heval Atas  Rengiil Volkan Atalay Ahmet Tunca Dogan

Cetin-Atalay Rifaioglu

A 0ODTU 10
)/ METU



Biyoenformatik ve Dizi Analizi
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Biyoenformatik: Biyolojik veri analizi icin yontemler, araclar
ve servisler gelistirilmesi

) 4
Gen ve protein dizileri

BuyUk miktarlarda biriken veriyi analiz
etmek icin sofistike yontemler gerekli

Gen ifade verisi

Protein-protein etkilesimleri

Histolojik gorintiler

islemsel biyoloji: Bilimsel cikarimlar yapabilmek icin
biyolojikverininislemsel analizi
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Gen ve protein dizi analizi
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e Biyolojik dizilerde bir¢ok sinyal (isaret) gomultdur

e Ornegin: isley, akitivite bolgesi, icinde yeraldig

metabolik slreg

e Bu oruntuler benzer isleve sahip ve gegcmis paylasan
(evrimsel ilintilik tasiyan) proteinlerde ortak olabilir

e Butlr orintilerin belirlenmesi yeni bulunan
proteinlerin 6zelliklerinin bulunmasi agisindan

onemlidir

e Yapay 6grenme yontemleri kullanmadan bu

oruntuleri bulmak kolay degildir

Protein 1: IGPGDEGEYTCTARNQYGEAICSVYIQPEGAPMPALQPIQNLEKNIYSNG
Protein 2: YSYTSIEEEFRVDTFEYRLLREVSFREAITRRSGYEQDSQLSRNQYGEQELDRNQG
Protein 3: PARNQYGEQAPQISQKPRSSKLIEGSDAVFTARVGS

Protein 4: TLRVKNATARDGGHYTLLAENLQGRNQYGE CVSAVLVEPA

Protein 5: AYEPKPVDVMAEQRNQYGELEAGKALPPAFVKAFGDREITEGRMTR

ATG ' TCT 'GGT ! GGT ! TGA

DNA : 0.00000§

1
1 1 1
I 1 I 1
Methionine 1 1 l 1
(Start) : . 'aivcine’ !
Serine 1°1YCINg, :
|Glycine, (Stop)

Protein

Source:
http://www.mynortherndiary.com/diary/scie
nce-technology/designing-of-proteins/
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Gen ve protein dizi analizi
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e Biyolojik dizilerde bir¢ok sinyal (isaret) gomultdur

e Ornegin: isley, akitivite bolgesi, icinde yeraldig

metabolik slreg

e Bu oruntuler benzer isleve sahip ve gegcmis paylasan
(evrimsel ilintilik tasiyan) proteinlerde ortak olabilir

e Butlr orintilerin belirlenmesi yeni bulunan
proteinlerin 6zelliklerinin bulunmasi agisindan

onemlidir

e Yapay 6grenme yontemleri kullanmadan bu

oruntuleri bulmak kolay degildir

Protein 1: IGPGDEGEYTCTARNQYGEAICSVYIQPEGAPMPALQPIQNLEKNIYSNG
Protein 2: YSYTSIEEEFRVDTFEYRLLREVSFREAITRRSGYEQDSQLSRNQYGEQELDRNQG
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Protein 4: TLRVKNATARDGGHYTLLAENLQGRNQYGE CVSAVLVEPA

Protein 5: AYEPKPVDVMAEQRNQYGELEAGKALPPAFVKAFGDREITEGRMTR
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Gen ve protein dizi analizi ve anlamlandirmasi
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Amac: Hentz anlasilmamis proteinlerin
ozelliklerinin benzerlerine bakarak
belirlenmesi

Veri: nikleik/amino asit dizileri, fizikokimyasal
ozellikler, islevsel anlamlandirmalar

Yontemler: yapay 6grenme, siniflandirma,
kiimeleme, 6znitelik secimi, boyut indirgeme

Dizi_hizalama: iki veya daha fazla dizinin
paylastigl bolgelerin bulunmasi-en temel dizi
analizi yontemi

Popduler hizalama araglari: BLAST (ikili
hizalama), Clustal series (¢oklu dizi hizalama)

GAATTCAG GAATTCAG
GGA-TC-G GCAT-C-G
GGA-TCGA GCAT-CGA
Kaynak:
http://statweb.stanford.edu/~nzhang/345 w
eb/

ASASC3.1 14 SIKLWPPSETTRLLEVERMANNEST. . PSIFTRK.
B4F917.1 13 SIKLWPPSESTRIMLVORMTNNLST..ESIFSRK.
A9S1V2,1 23 VFKLWPPSOGTREAVROKMALKLSS. . ACFESAS.
BIGSN7.1 13 SVKLWPPGESTRLMLVERMTKNFIT..PSFISRK.
Q8HO56.1 30 SFSIWPPTARTRDAVVRRLVDTIEGG. .DTILCKR.
Q0D4z3.2 44 SLSIWPPSERTRDAVVRRLVATLVA..PSILSAR.
BO9MVWS.1 56 SFSIWPPTARTRDAIISRLIETLST..TSVLSKR.
QOIYCS.1 29 SFAVWPPTRRTRDAVVRRLYAVLSGDTTTALRKRY
ASNWAE.1 13 SIKLWPPSESTRLMLVERMTDNLSS. .VSFFSRK.
09C500.1 57 SLRIWPPTAKTRDAVLNRLIETLST..ESILSKR.
Q2HRI7.1 25 NYSIWPPKORTRDAVKNRLIETLST..PSVLTKR.
Q9M7N3.1 28 SFKIWPPTARTREAVVRRLVETLTS. .QSVLSKR.
Q9M7NG6.1 25 SFSIWPPTARTRDAVINRLIESLST..PSILSKR.
Q9LES2.1 14 SVKMWPPSKSTRLMLVERMTKNETT. .PSIFSRK.
Q9ME51.2 13 SIKLWPPSLPTRKALIERITNNFSS. .KTIFTEK.
B9R745.1 48 SLSIWPPTORTRDAVITRLIETESS. .PSVLSKR.
Kaynak:

https://en.wikipedia.org/wiki/Sequence_anal
ysis#/media/File:WPP_domain_alignment.PN

G




Decision:
No indication for
disease
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(a) A measurement

device

(b)

Affymetrix

microarray scanner
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B pre-processing

background removal,
normalization

v

L 2

C representation

probeset
summarization

test training
set y set
D feature marker gene
selection selection
v v
= support vector
E classifier classifier
v ]
. prediction
=pi F evaluation o

Dick de Ridder et al. Brief Bioinform 2013;14:633-647

(A) Siniflandirma igin izlenmesi gereken islemler.

Bri.eﬁn‘gs in . »
Bioinformatics
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recognition in bioinformatics. Briefings in bioinformatics, 14(5), 633-
647.

Friedberg, |. (2006). Automated protein function prediction—the
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Anlamlandirma

* Biyolojik dizilerin anlamlandirilmasi (sequence annotation)
DNA, RNA veya protein dizilerinin 6zgul 6zelliklerinin yapi veya islev hakkinda
betimleyici bilgi ile isaretlenmesi islemi

* Proteinlerin islevlerinin bilinmesi
* kanser gibi 6limcul siireglerin 6nlenmesi ya da durdurulmasindan,
* her turld hastalik icin ilag tasarimi

konularina kadar cok genis bir yelpazede vazgecilmez 6neme sahiptir.

0DTU
METU
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Anlamlandirma

Protein dizianlamlandirmasi(protein sequence annotation)
Protein dizisindenislevanlamlandirmasi (functionannotation)

Protein dizisindenislevongorilmesi (function prediction)

- ODTU
METU
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Sunum Icerig

* Cok sayida proteinin islevilerinin in silico (bilgisayar kullanarak) 6ngérmek icin
* gelistirdigimiz yapay 6grenme ve derin 6grenme yontemleri,
* egitim ve sinama veri kiimelerinin olusturulmasi,

* basarimlarinin degerlendiriimesi ve standart veri kiimeleri lizerinde karsilagtinnimalarinin
yapilmasi,

* servis olarak web lizerinden sunulmasi veya indirilebilir kodlar ve veri.

0DTU
METU
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Proteinler

* Proteinler buylik molekullerdir.

* Proteinler amino asitlerden olusur. Y.
2 a“ W
* Proteinler bircok islevi yerine getirir; 6rnegin: g‘%
* biyikimyasal reaksiyonlarin katalize edilmesi e L@
* DNA'nin kopyalanmasi %
* hirelerarasi tasima 2PYQ proteinin yapis

U ird i http://godziklab.org/SSBC/modeling htm|
* vicudun virls ve bakterilerden korunmasi Pi//Bocziab-org/5t/moceling ntm

* Binlerce islev var-hangileri?

- ODTU 22
y / METU
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Protein islevi ve yapisi

* Proteinin islevini belirleyen yapisidir
* Yapisi belirlenmis protein sayisi: 141.616 (PDB 2.Temmuz.2018)
e Dizisi bilinen protein sayisi: 116.030.110 (TrEMBL 2.Temmuz.2018)

 Diziden islevi ongor

0DTU
METU
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Problem

Problem tanimi

e Sadece az sayida proteinin molekuler 6zellikleri deneyler sonucunda belirlenebilmis (pahali,
emek yogun ve zaman alan bir is)

* GUln be glin dahafazla genom dizileniyor, sunucularda veri birikiyor

e Bu bilgilerin kullanilabilmesi icin yeni dizilerin 6zellikleri belirlenmesi gerekiyor (6rnegin,
hastaliklara tedavi bulmak veya yeni biyoteknolojik Girtin gelistirmek igin)

e “proteinislev 6ngdrisiu” problemi

Veri:

e Proteinlerin amino asit dizileri

e Bazl proteinlerinislevsel anlamlandirmalari

Yontem yaklasimi:

e Yapay 0grenme-gozetimli yaklasim (siniflandirma)

e Egitim icin kullanilabilecek kit sayida glivenilir etiketl veri

e Ozellikleri bilinmeyen dizileri sorgula

0DTU
METU
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Diziden Islev Ongdrmek-Zorluklar

e Dogrudan dngorulemiyor
* Farkli uzunluklar
* Vektor gosterimi bulmak-sabit uzunluk

* Cok fazlaislev var

. 0DTU
y METU



Egitme sistemi-genel bakis

Prediction Model
Training Data For
For Term 1

Term 1 PepStats-SVM

Predictions
For
Validation

Optimal Threshold
For
Term 1

Prediction Model
For
Term2

Predictions

SWISS-PROT
DATABASE

Training Data
For
Term 2

Blast-kNN
PepStats-SVM

For
Validation

Prediction Model
For
Term N

Predictions
For
Validation

Training Data
For
Term N

Blast-kNN
PepStats-SVM

Optimal Threshold
For
Term 2

Optimal Threshold
For
Term N
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Basliklar-tekrar

Siniflandirici olusturmak
Egitim, dogrulama ve sinama veri kimeleri olusturmak
Basarim, karsilastirma

oo

Servis sunumu

- ODTU
METU
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Protein islevinin sistematik tanimi

e Soyut bir kavram olmasindan dolayi protein islevinin
islemsel bir sisteme dahil edilmesi kolay degil

Protein | Cellular tumor antigen p53
TP53

Homo saplens (Human)

Stat B reviewes Annatation score: #$&®® . Experimental evidence at protein leved'

Acts a5 a tumor suppressar in many tumor types; induces growth amrest or apoptosis g an the 2l circumstances and cell
type. Invoived in cell cycle regulation as & trans-activator thet Bcts to negatively reguate cell division by controlling & set of genes required for
this process, Dne of the activated genes is an inhiditor of cyclin-dependent kinases, Apoptosis Induction seems to be mediated either by
stimulation of BAX and FAS antigen expression, or by repression of Bcl-2 expression, [n cooperation with mitochonarial PRIF Is involved In
actvating oxidative stress-induced necrosis; the function is largely of Inducas the ption of long Intergenic
non-coding ANA p21 (INcRNA-p21) and lincRNA-MkInl. LIncRNA-p21 participates In TPS3-cependent transcripbanal repression leaging to
epoptosis and seem to have to effect on cell-cyde regulation. Implicated in Notch signaling cross-over. Prevents COK? kinase activity when
associated to CAK complex in response to DNA damage, thus stopping cell cycle progressicn. Isoform 2 enhances the transactivation activity of
isoform 1 from some but not all TPS3-inducible sromoters, Isoform 4 suppresses transactivation activity and impairs growth suppression

madiated by isoform 1. Tsoform 7 inhibits isoform 1+ ed apoptosis. Regulates the circadian clock by repressing CLOCK-ARNTL/BMALL Kayn ak: http ://wac lawi kgen 677s10.
mediated transcnptional activation of PER2 (PubMed: 492). # 12 Publicsticrs «
weebly.com/gene-ontology.html

—

e Busoruna ¢dziim igin ve proteinlerin niteliklerini
tanimlamakamaciyla kontrolli kelime hazneleri

(ontolojiler) 6nerilmis

|(3.-.-.-) Hydrolases | |(4.-.-.-) Lyases |
e Gen Ontolojisi (GO) en popiler olani: islevlerin
|(3.2.-.-) Glycosylases | |(4.2.-.-) Carbon-Oxygen Lyases |
genelden 6zele dogru gosterildigi yonlendirilmis asiklik
|(3.2.2.-) Hydrolysing N-Glycosyl Compounds | |(4.2v99v-) Other Carbon-Oxygen Lyases |

cizge (DAG)

|(3.2.2.23) DNA-formamidopyrimidine glycosylase | |(4.2.99.1 8) DNA-(apurinic or apyrimidinic site) lyase I

Enzim Komlsyonu (EC) enzimlerin katalize ettikleri Kaynak: http://www.enzyme.chem.msu.ru/hcs/distributions/P-

(D oDTU reaksiyolara gore islevsel organizasyonel sistem EC-directly-linked-proteins.html 28
/ METU



Proteinin Islevleri

process

cellular
process

biological

signaling regulation

GEN ONTOLOIiSi (GO) http://www.geneontology.org/
* Kontrollii kelime haznesi (controlled vocabulary) | —

regulation of signaling

* Alan bilgisi Baeaa || s
* lligkilerle birbirine baglanmis GO terimleri

w . cell g
[ ] k t biological [communication| transmission g 9 biological
l ] a e orl procgess process process pro:gess

* Molekdiler islev (molecular function): bir genin P

positive i negative
I§I eVI e rl regulation of reguLa:lllon of signal reguiation of

* Biyilojik slirec (biological process): birden fazla gen gy S
Urdnundn aktivitelerinden olusan daha buyak e | [ [z Tremmmenr | [cte | | [

signaling signal cell signaling

SU regler Ve yola kla r‘ cnmmf}enicauon L process transduction | |com munication process

* Hicresel bilesen (cellular component): gen | [T

regulation of regulation of

urdnlerinin aktif olduklari yer ¢ wransdocion | | warsdion

Ozel

A 0ODTU 29
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Basliklar-tekrar

Siniflandirici olusturmak
Egitim, dogrulama ve sinama veri kimeleri olusturmak
Basarim, karsilastirma

oo

Servis sunumu

- ODTU
METU
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Siniflandirici

* Binlerce GO terimi: tek bir siniflandirici ile hepsini 6ngérmek zor

* Herbir terim icin ikili siniflandirici
1 islev var
0 islev yok
Birbirinden bagmsiz siniflandiricilar
* Coklu siniflandirici (multi-task)-birden fazla terim
* Daha sonra

0DTU
METU
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Egitim ve sinama veri kimeleri

* Veri kiimesi
« Ornek: %80 egitim ve gecerleme, %20 sinama
* %80 egitim ve gecerleme -> 4 veya 5 katmanli capraz gecerleme

e Egitim veri kiimesi: 6grenilebilen parametrelerin belirlenmesi
* Gegerleme veri kiimesi: 6grenilemeyen parametrelerin segimi
* %20 sinama
e Basarim olgimu
e Ayrica tamamen bagimsiz sinama veri kiimeleri
* Hangi model son olarak kullanilacak?

- ODTU
METU
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Egitim Veri Kimeleri-ikili sinifandirici

* Pozitif veri kiimesi
* isleve sahip olarak etiketlenmis protein dizileri

* Negatif veri kimesi
* isleve sahip olmayan protein dizileri
* Veritabanlarinda acikga belirtilmiyor, raporlanmiyor

* Kolay yolu: pozitif veri kiimesi disinda kalan hersey
e Sayicok
* Simdiye kadar etiketlenmemis olmasi, pozirif etiketlenmeyecegi anlamina gelmiyor
* En uzak olasiliklari se¢

- ODTU
METU
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Sintlandirict Olusturma



Siniflandirici-SPMAP

Pozitif
Egitim
Kimesi

Altdizi Profil Haritasi Olusturulmasi

Amino asit

At ek ikame Matrisi Probabilistik
IZI ¢ikarim Profil Olusturma Altdizi Profil
moduli ! . - Modiilii Haritas!
Kiimeleme Modlu
Sabit Altdizi kimeleri
uzunlukta
altdiziler
Protein
Sequence Classification Framework

- Altdizi Profil Destek Vektor
Altdizi gikarim

o REIIEN] W ETGEIEI
moduli —t—’ —:—»

Sabit uzunlukta Altdizi Dagilim Bamitelik Siniflandirici
altdiziler Modult vektorleri

@. arakat O. Giirsoy- Yiizigiillii, R. Cetin-Atalay, and V. Atalay, “Subsequence-based feature map for protein function classification,” 36
IME

ipl. Chem., vol. 32,n0. 2, pp.122-130,2008
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Diger Teknik Detaylar

* Vektor gosterimi

» Kodlama (encoding)

\ ODTU
' METU
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Vektor gosterimi

 Sorun: dizi uzunluklari 50-5000 arasinda degisiyor

* Secenekler

* Amino asit kompozisyonu: herbir amino asitin sikligi-20 boyutlu vektor
e Sorun: dizi icindeki sira, siralama bilgileri kayboluyor
* Amino asit ikilileri: 20x20=400 boyutlu vektor

* k sayida yanyana gelmis amino asit altdizileri: 20k boyutlu vektor
e Cogunlugu 0, bos

0DTU
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Ornek k-mer
k=5

MSTNPKPQR
MSTNP
STNPK
TNPKP
NPKPQ
PKPQR

* k-mer = altdizi (subsequence)

- ODTU
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k-mer’ler

* k tane amino asit iceren altdiziler: k-mer’ler (k-mers)

e Uzay: egitim veri kiimesinin k-mer’leri (tim olasi k-mer’ler yerine)
* Bu uzayda k-mer’lerin dagilimi

e Uzayi daraltalim
 egitim veri kimesinin k-mer’lerini kiimeleyelim (clustering)

* Ayni kiimeye dusen ve birbirine benzeyen k-mer’leri bir prototip k-mer ile
gosterebiliriz

0DTU
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k-mer’ler ve benzerlik

* Pozitif egitim veri kiimesinde olan protein dizilerinden k-mer’ler
cikart

* Cikartilmis olan k-mer’leri kimele
* Kimelemek icin iki k-mer, x ve y arasinda benzerlik tanimlayalim

s(y) = Yo M(x(k),y(k))

x(k): x k-mer’inin k. pozisyonundaki amino asit

Ornegin, x = MSTNP and y = STNPK
s(x,y) = M(M,S) + M(S,T) + M(TN) + M(N,P) + M(PK)

0DTU
METU
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O

k-mer’ler ve benzerlik

5
sCoy) = ) MG,y ()
k=1

x(k): x k-mer’inin k. pozisyonundaki amino asit

Ornegin, x = MSTNP and y = STNPK,
s(xy) = M(M,S) + M(S,T) + M(TN) + M(N,P) + M(PK)
=(-1)+1+0+(-2)+-1
=-3
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Kiimeler ve benzerlik

¢ kiimesi ve s altdizisi arasindaki benzerlik hesaplandiktan
sonra,

* Eger s(c,s) = 8, s altdizisi c kimesine atanir

* Eger s(c,s) <8, yeni bir kiime olusturulur

- ODTU
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44



O

PSSM

* Herbir kiime igin
* Herbir pozisyondaki amini asitlerin sikligini bul (PSSM)
* Ve dolayisiyla bu pozisyonda bulunma olasiliklarini ¢ikart (probability matrix)

* Herbir kiime icin pozisyona 6zel skor matrisi (position specific scoring
matrix-PSSM) olusturulur

* 5 kolon (k-mer sayisi) ve 20 sira (amino asit sayisi)

0DTU
METU
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Olasiliksal profil

PSSM ile amino asit sayilari elde edildikten sonra, herbir PSSM
olasiliksal profile dénustiruldr.

* P.(i,j) i.pozisyondajamino asitinin olma olasilig
* Aa oyunt(i,)) i. pozisyondajamino asitinin sayisi

* S, normalize etmek amacli

Adcoune(i,7) +0.01
Si

PP.(i,j) = log

0DTU
METU
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Oznitelik vektord

e Bir altdizinin herbir profil (kiime) tarafndan Uretilmis olma olasilig

* Profil icin en yUksek olasilik -> 6znitelik vektorinin profile karsilik
gelen elemani

* s altdizisiicin

5
P(sIPP) = ) PPy(i, (D)
i=1

0DTU
METU
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Oznitelik vektord

Oznitelik vektdriiniin j. elemant

V() = maxsepP(si|PPy)

e proteini icin PP;’da bulunan en yuksek olasilik degeri (altdizi-k-mer)

- ODTU
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Oznitelik vektord

* Vektorin boyutu = kiime (cluster) sayisi

* k-mer’leri bul
* Herbir k-mer igin
* Kime olasilik matrisi ile karsilastirarak k-mer’in bu kiimede bulunma olasilhigini bul

e Tim kiumeler icin en ylksek olasilik degeri vektoriin o pozisyona karsilik gelen
degeri

0DTU 51
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For example, first profile values for each position: Second profile values for each position:

A -2.84 -5.23 -2.25 -4.54 -9.85 A -9.86 -3.17 -4.15 -3.86 -4.56
R -4.54 -4.54 -5.23 -9.85 -0.56 R -5.24 -4.15 -5.24 -1.62 -5.24
N -0.85 -0.85 -9.85 9.85 -9.85 N -0.86 -9.86 -9.86 -4.56 -9.86
D -9.85 -9.85 -9.85 -9.85 -9.85 D -4.15 -9.86 -9.86 -9.86 -9.86
C -9.85 -0.85 -9.85 -9.85 -9.85 C -0.86 -9.86 -4.56 -0.86 -9.86
Q -9.85 -9.85 -9.85 -9.85 -5.23 Q -9.86 -9.86 -4.15 -3.86 -9.86
E -5.23 -4.14 -9.85 -4.54 -9.85 E -2.31 -9.86 -3.17 -2.61 -9.86
G -9.85 -0.70 -9.85 -9.85 454 G -9.86 -3.86 -4.15 -5.24 -9.86
H -9.85 -9.85 -9.85 -9.85 -5.23 H -9.86 -9.86 -3.86 -5.24 -9.86
1 -3.85 -9.85 -0.91 112 454 I -5.24 -3.06 -5.24 -9.86 -3.31
L -3.63 -9.85 -2.68 -3.16 -4.54 L -9.86 -1.82 -4.56 -3.86 -5.24
K -4.54 -3.85 -9.85 -9.85 -3.45 K -9.86 -9.86 -5.24 -2.95 -9.86
M 0.64 -5.23 -5.23 -5.23 -9.85 M -5.24 -5.24 -4.56 -0.55 -4.15
F -5.23 -9.85 -9.85 -9.85 -9.85 F -9.86 -9.86 -9.86 -9.86 -5.24
P -4.54 -0.81 -9.85 -5.23 -5.23 P -0.26 -5.24 -0.53 -5.24 -9.86
5 -2.47 -5.23 -9.85 -4.54 -9.85 S -9.86 -9.86 -4.56 -4.56 -5.24
T -1.84 -0.85 -9.85 -0.71 -1.17 T -2.31 -9.86 -2.21 -0.86 -4.15
w -9.85 -9.85 -9.85 -9.85 -9.85 w -9.86 -9.86 -9.86 -9.86 -9.86
Y -3.63 -0.85 -9.85 -9.85 -9.85 Y -9.86 -9.86 -9.86 -0.86 -4.56
v -2.84 -9.85 -0.87 -2.30 -3.16 Vv -5.24 -0.35 -1.96 -5.24 0.11

Now we calculate vector for MSTNP. It is -0.64 +-5.23 +-9.85 + -9.85 + -5.23 = -30.8 Now we calculate vector for MSTNP. It is -5.24 + -9.86 +-2.21 + -4.56 + -9.86 =-31.73



Oznitelik vektord

H H P . 1 2 3 4 283 284

e Herbir profil icin bu islem
. . . . MSTNP -30.80 -31.73 -21.06 -11.15 -25.22 -10.11

tekrarlanir ve bir 6znitelik
kt__ . |d dl STNPK  -20.12 -15.21 -11.46 -16.23 .. .. -15.26  -19.65
Ve Oru e e e I Ir' TNPKP -15.41 -26.96 -19.29 -28.41 -19.45 -20.99
NPKPQ -24.16 -24.63 -28.43 -21.56 -11.09 -16.36
PKPQR -10.55 -19.58 -30.78 -19.89 -22.87 -31.21

Now, our vector becomes {-10.55,-15.21,-11.46,-11.15, ...., -11.09,-10.11}
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Siniflandirici

e Destek vektor makinasi
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Diger siniflandiricilar

* BLAST-KNN
* PEPSTATS-SVM

'\ ODTU
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Diger siniflandiricilar: Blast-kNN

* Homolojiye (benzerlik) dayali
* Hedef protein ile egitim veri kimesindeki proteinlerin

benzerlikleri
o _Sp=5n
P Sy + S
Sy pozitif egitim veri kiimesindek en yakin k komsunun skorlarinin
toplami
S, negatif egitim veri kimesindek en yakin k komsunun skorlarinin
toplami

&ialﬁﬂﬂ-jAtalay, and R. Cetin-Atalay, “GOPred: GO Molecular Function Prediction by Combined Classifiers,” PLoS One,vol. 5, no.
10.METU



Diger siniflandiricilar: Pepstats-SVM

PEPSTATS of MURI_LISMH from 1 to 2&6é

Residues
Charge

23170] (cystine bridges)
{cystine bridges)

A280 Mclar Extinction Coefficients = 22920 (reduced)
A280 Extinction Coefficients Img/ml = 0.786 (redu
Improbability of expression in inclusien bodies =

Residue Number Mole% DayhoffStat

A = Ala 21 7.895 0.913

C = Cys 4 1.504 0.519)

D = Asp 15 5.639 1.025

E = Glu 18 7.143 1.

F = rhe g 3.008 0. 835

G = Gly 20 7.519 0.895

H His S 1.880 . 940

I=1Ile 19 7.143 .587

K = Lys 20 7.519 .139

L = Leu 26 9.774 .32

M = Met 7 2.632 .54

N = Asn ] 3.383 0.7

P = Pro 11 4.135 0.795

Q = Gln 5 1.880 0_482

R = Arg 10 3.759 0.767

S = Ser 14 5.263 0,752

T = Thr 15 7.143 1.171

vV = val 24 9.023 3

W = Trp 2 0.752

Y = Tyr 8 3.008

Property Residues Nunber Mcle$
Tiny (A+C+G+S+T) 78 28323
Small (A+B+C+D+G+N+P+S+T+V) 137 51.504
Aliphatic (A+I+L+V) 90 33_835
Aromatic (E+H+W+Y) 23 . 647
Non-polar (A+C+F+G+I+L+M+P+V+W+Y) 150 56 .
Peolar (DHE+H+E+N+Q+R+S+T+2Z) 116 3,60
Charged (B+D+E+H+K+R+32) (3] 5. 540
Basic (B+K+R) 35 3.158
Acidic (B+D+E+2) 24 2.182

gialﬁﬂﬂjAtalay, and R. Cetin-Atalay, “GOPred: GO Molecular Function Prediction by Combined Classifiers,” PLoS One,vol. 5, no.
] 0.METU



Siniflandiricilarin birlestirilmesi

Pepstats-SVM

Agirlikll ortalama
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Agirhklarin 6grenilmesi

Dogrulama veri kiimesi kullanilarak

Rin
W(m) = )

4 4
Rprast—knnNtRspMaptRPEPSTATS-SVM

. 0DTU
' METU
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Universal Protein Resource Knowledge Base
(UniProtKB)

* Proteinlerindizi ve islevsel
bilgileri

Swiss-Prot (657,713)

h
h Manually annotated
and reviewed.

e Kiiratorler literatlr taramasi
yapip bilgileritoplar

* Arastirmacilarin erisimine sunulur TrEMBL
(116,030,110)

Automatically

annotated and not
reviewed.

) 0DTOU
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Pozitif ve Negatif Egitim Veri Kimesi Olusturulmasi

1.1.1.- sinifi icin 6rnek egitim
kiimesi

3.1.1. 4.1.1. 5.1.1. 6.1.1.
1.1.1.1 1'927'1' 1 3 1 1
)\ 0DTU 62
) METU



Pozitif ve Negatif veri kiimesi oluturulmasi

(A) X GO terimi i¢in pozitif veri kiimesi olusturulmasi
l P1 diye hipotetik bir protein ve islev (terim) atamalari sar1 ile
gosterilmis olsun
X’1in ¢ocuk diigiimiindeki terim ile islev atamasi yapilmig
oldugu icin P1 X’in pozitif veri kiimesinde yeralir

(B1) P2 X’in ebeveyniyle anlamlandirilmadi8i i¢in P2 X’in
negatif veri kiimesine dahil edilir

(B2) P3 X’in ebeveyniyle anlamlandirilmig ama ayni anda
kardesi ile de anlamlandirilmis (aym diizeyde
d/é d/ }) farklilasmislar). P3 X’in negatif veri kiimesine dahil edilir
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Veri

* Verinin eskisi gibi az degil, ama kirli
 Sayilar buyuk

. https://www.uniprot.org/
116,030,110 dizisi bilinen ama anlamlandiriimamis protein
. https://pubchem.ncbi.nlm.nih.gov/#

Compounds: 96,398,651
Substances: 246,968,148
BioAssays: 1,251,890
BioActivities: 236,710,461
Protein Targets: 10,854

* Bu verileri anlamlandirmak ve fazlalklari (reduncany) gidermek icin bir cok
otomatik yontem mevcut

0DTU
METU
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Dogrulama, Basarim,
Karsilastirma,




Basarim ve Karsilastirma

e Dogrulama
* Bagimsiz test kimeleri
* Diger benzer sistemlerle karsilastirma

* Yarismalar

. 0DTU
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e F1-skoru

* kesinlik (precision) ve duyarlilik (recall)

0DTU
METU
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UniGOPred

£

100 150

MF GO terms (sone

=0
d by performanee)

=0

Whiean (AUC: 0,7825)
Pepstats (AUC: 0.6983)
BLAST-knn (AUC: 0.
SPMap (AUC: 0.7118)

Rm um T

BP GO terms (soned by performance)

0o %0 =0 =0 00
CC GO terms (sorted by performance)
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UniGOPred

A . Negative function prediction performance (recall) B : Positive function prediction performance (recall)

08t 08}
0B 081
07F 07pF
06} 06
g 3
bt o5 o 05k
(o v
04 0AF
03 03k \
ozf / 0z}
e MF GO terms (AUC: 0.7987) e MF GO terms (AUC: 0.8245)
0ar = BP GO terms (AUC: 0.7732) 03 F | ——BP GO terms (AUC: 0.7835)
CC GO terms (AUC: 0.7002) ~———CC GO terms (AUC: 0.7531)
o 4] Ofl 0l2 0:3 01.4 0‘.5 Of6 (;7 0‘3 0:9 ‘; ¢ o (Jfl 0l2 0‘3 0‘4 0‘5 Ufb OI.I O'B 0‘3 ;
Cut-off value Cut-off value
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ECPred-Dogrulama sonuclari

Egitimde kullanilmamis %20 veri

0DTU
METU

0.96 0.96 0.96
0.98 0.97 0.99
0.99 0.98 0.99

0.99 0.99 0.99
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Bagimsiz test kiimeleri

 Veritabaninin iki sGrimu arasinda anlamlandirilan proteinler
e Temporal Hold-out Dataset Test

* Baska sistemlerde kullanilmis olan veri kiimeleri
* Egitim kiimesinde olan proteinler kullailmadi

- ODTU
METU

71



Diger benzer sistemlerle karsilastirma

* Mutlaka yapilmali
» Saygin dergiler istiyor

* Verilen kodlari veya web tabanli servisleri kullanarak

* Veya kullandiklari test veri kimelerini kullanarak

. 0DTU
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Bagimsiz test-zaman icinde degisen veriler

| Method | Flscore  [Recall | Precision
. , . . | ProtFun | 0.79 0.87 0.72
0. dizey-enzim and enzim degil 0.15 0.13 0.16
0.42 0.30 0.69
E 0.53 0.43 0.68
"ECPred 0.83 0.97 0.73
| Method | Flscore  [Recall | Precision
) "ProtFun | 0.12 0.10 0.15
1. duzey-ana sinif 0.15 0.13 0.16
0.42 0.30 0.69
| DEEPre | 0.50 0.40 0.67
ECPred 0.48 0.43 0.54
| Method | Flscore  [Recall | Precision
) 0.11 0.10 0.13
2. duzey-altsinif 0.11 0.07 0.33
| DEEPre | 0.11 0.25 0.07
"ECPred 0.26 0.20 0.35
| Method | Flscore  [Recall | Precision
3. dlzey-alt altsinif EFICAz 0.00 0.00 0.00
0.05 0.03 0.14

‘ \i oDTii 0.22 0.17 0.31
METU



PFAM bolge (domain

0. duzey-enzimand enzim degil

1. dlizey-ana sinif

2. duzey-altsinif

3. dlzey-alt altsinif

4. diizey-substrat sinifi

) icermeven
Methods ~ [Fl-score ~ [Recall  [Precision |

0.54 0.54 0.54
0.37 0.23 1.00
( DEEPre | 0.60 0.4 0.85
ECPred 0.85 0.82 0.89
| Methods _____[Flscore  |Recall ___ [Precision |
0.42 0.39 0.46
0.33 0.20 1.00
 DEEPre | 0.52 0.38 0.82
ECPred 0.73 0.63 0.86
| Methods ______[Flscore  |Recall ____ [Precision |
0.30 0.26 0.36
0.33 0.20 1.00
( DEEPre | 0.40 0.27 0.77
ECPred 0.60 0.47 0.82
| Methods ______[F-score ___|Recall _____[Precision |
0.33 0.20 1.00
( DEEPre | 0.33 0.22 0.73
ECPred 0.58 0.45 0.81
| Methods ______[F-score __|Recall _____ [Precision |
0.33 0.20 1.00
( DEEPre | 0.33 0.22 0.73
ECPred 0.39 0.26 0.74



CAFA http://biofunctionprediction.org/cafa/

Function Special Interest Group AboUL  Meetngs  CAFA  Pubications

The CAFA Challenge: - CA FAn

The probiem: The

Job Opportunity

Submission Deadline

CAFA Pl open for registration!

tisnal meth

ers provide a large number of protelr

Click to
Participate

1 with Gene O

Target release dote: Decenmber 1, 201

Predictions deodline: Aprll 2

( s lnitial Evaluation: july 2018
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F max

CAFA sonuclari ile karsilastirma

0,

A Molecular Function B Biological Pracess C Cellular Component

F max
F max

5.
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Coklu siniflandirici

* Derin 6grenme ile

* Ama tum terimler degil-en fazla 5-7 terim icin bir siniflandirici

. 0DTU
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Query protein sequences
>Proteinl
EPPLSQETFSDLWKLLPENN.....
>Protein2
SVTCTYSPALNKMFCQLAKT.....
>Protein3
TIHYNYMCNSSCMGGMNR.....
>Proteind
QIRGRERFEMFRELNEALEL.....

" DEEPred 2

| Feature Generation Process

A
13 051 035 001 .. 038 0.02 062 0.93

01 072 036 012 .. 014 091 017 042

Protein3; 0.31 074 027 0.01 .. 0.56 023 067 0.11

Protwind: 0.84 029 0.65 0.03 .. 062 0.69 022 0.81

Hierarchical Post-processing
of Predicti

\_ A
Prediction results
Query Predicted term  Score
Proteinl GO, , 058
Proteinl GO, , 0.92
Protein2 GO, 0.7%
Protein2 GO, 0.80
Protein2 GOy, 0.94
Protein3 GO, , 0.88
Protaind GO, 076

Proteind GO, ,, 084
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Servisler



UniGOPred

* UniGOPred kapsamli bir protein anlamlandirma sistemi-iki bilesen:
* dizitabanli GO’ya dayaliileri 6ngorii araci
* UniProtKB proteinleri icin 6ngorilmus GO terimlerinin veritabani

* Hem siniflandirma hem de transfer yaklasimi ve t¢ yontemin birlesimi
* Yeni bir veri hazirlama yaklasimi
* http://cansyl.metu.edu.tr/unigopred.html|

Girdi Cikti
Dizi islevler
vee G0:0051020
UniProt Erisim G0:0016740
G0:0019899
G0:0003774
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http://cansyl.metu.edu.tr/unigopred.html

0 3%8 U N IGOP EMBL-EBI i
ED

GENE ONTOLOGY PREDICTION BY COMBINING CLASSIFIERS
Home About Help Contact

UniGOPred is an d protein function prediction tool based on Gene Ontology
(GO) terms and a database of GO term predictions for UniProtKB. You can get MF
predictions for all UniProtKB sequences. BP and CC GO term predictions are also
available for all scquences of Model Organisms, You can submit sequence(s) (up to 10)
or UniProt accessions (up to 100) to get your predictions! Here is the valid input
formats that UniGOPred accepts. Prediction scores for the trained GO terms will be sent
to your e-mail address. Further information about UniGOPred and trained GO terms is

available in About page.
Query Type:
Pre puted Database Predictions @ Sequence
© Molecular Functi Biological Process  Cellular Component

Please enter your e-mail address ;

Please enter UniProt A ion(s) :

Accession(s)

Get
Predictions



http://cansyl.metu.edu.tr/ECPred.html

ECPred

Prediction of enzymatic properties of protein sequences based on the EC Nomenclature

The automated predction of the enzymatic functions of uncharacterized proteins is & crucial topic in bioinformetica. Although several methods and tools have been proposed to classify
enzymes, most of these studies were Imited to specific funclional classes and levels of the Enzyme Commission (EC) nuenber hierarchy. Baskies, most of the previous methods
incorperated onfy a single input feature type, which imits the appicabiity to the wide functional space. Here, we proposed a novel enzymatic function prediction tool, ECPred, based on
ensembla of machine learming classifiers, In ECPred, sach EC number constituted an ndividual class and therefore, had an Indapendent leeming model. Enzyme vs. non-enzymea
classification is incorporated into ECPred along with a herarchical pradiction approsch exploiting the tree of the EC ECPred provides ons for 858 EC
numbers in total ncluding 6 main classes, 55 subclass classes, 163 sub-subcikass classes and 624 substrate classes. The proposed method ia tested and compared with the state-of-the-
art enzyme function prediction tools by using Indepandent tempor hoid-out and no-Pfam datasets constructed during this study, ECPred is prasanted both s & stand-alons end & web
based 100! 10 provide N/ furction (at ak five evels of EC) for uncharacterized protein sequences. Aleo, the datasets of this study will be a valuable resource
for future benchmarking studies. ECPred is available for download, together with all of the datasets used in this study, at: hitpa:/github.comvcanmyVECPmd.

To download ECPred stand-alone tool: Click Here
ECPred github link: github.com/cansyl/ECPred

Here is the valid input formats that ECPred accepts. Prediction for the given sequence will be sent to your e-mail address.

Please enter your e-mail address :
Please enter your sequence here!

Get Predictions
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Benzer calismalarimiz

* islev Ongérisi
* ECPred http://cansyl.metu.edu.tr/ECPred.html
 DEEPred

e Sanal Tarama
* ConvNet
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 Destek: Newton-Katip Celebi Fonu ikili isbirligi Programi 2016 cagrisi
British Council, UK and TUBITAK, Turkiye

* Takvim : 1 Kasim 2017 —31 Ekim 2019
* Proje Bashgi:

« "Derin Ogrenme Teknikleri Ve Ag Analizi Yontemleriyle Hazirlanmig
Kapsamli Biyomedikal lliskiler Kaynag1”

* "Comprehensive Resource of Biomedical Relations with Deep
Learning and Network Representations”
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Mehmet Volkan Atalay (PI) Maria Martin (PI)
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Ahmet Rifaioglu Vladimir Volykin

Heval Atas . '
Vishal Josh
Alperen Dalkiran IshalJosni
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Destekler

« TUBITAK EEEAG 116E930 Newton-Katip Celebi British Council-
TUBITAK ikili isbirligi Projesi
 Kalkinma Bakanligi
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Welcome to

The 11th HIBIT Conference

International Symposium on Health Informatics
and Bioinformatics

October 25-27, 2018 - Antalya
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